Building energy systems are designed to handle both permanent and temporary occupants. Permanent occupants are considered the base energy load while temporary occupants are considered a temporary or additional load. Temporary occupancy is potentially the most difficult to design as the number of temporary occupants varies more significantly than permanent occupants. This case study was designed to investigate the effect of occupancy on energy loads, i.e., the relationship between occupancy and building energy loads. This study estimated the building occupancy by using existing network infrastructure, such as Wi-Fi and wired Ethernet based on the assumption that the number of Wi-Fi connections and the wired Ethernet traffic were used as a proxy for total and stationary occupancy. The relationships were then examined using correlations and regression analyses. The results showed the following: 1. Stationary occupancy was successfully estimated using the network infrastructure; 2. There was a linear relationship between electricity use and total occupancy (and, thus, the use of network infrastructure); 3. Permanent occupants generated a higher impact on the electricity load than the temporary occupants; 4. There was a logarithmic relationship between electricity use and the Ethernet data traffic (a proxy of permanent occupants); and 5. The statistical and qualitative analyses indicated that there was no significant relationship between occupancy and thermal loads, such as cooling and heating loads.
Introduction
Energy consumption increases exponentially as the global population continues to grow. Fossil fuel is still the main source of raw material used by most countries to generate electricity, though the use of renewable energy has increased over the past decades. In the United States, approximately 80% of primary energy is provided by fossil fuel, but the portion of renewable energy is only 11% [1] . The use of fossil fuel increases the amount of greenhouse gases in the environment and is associated with global climate change [2] . The building sector accounts for approximately 20% of worldwide energy consumption, and estimates highlight that it will increase by an average of 1.5% annually from 2012 to 2040 [3] . In the United States, the building sector is responsible for 40% of energy use, 75% of electricity consumption, and 38% of related carbon dioxide emissions [4] . The building sector not only has great potential for energy saving but such a saving would also result in lowering the cost for companies and individuals [5, 6] . The optimization and reduction of building energy consumption are also critical to the national economy as it cuts business operation cost and increases corporate profitability [2] .
Prior energy efficiency research focused on the climate, building envelope, building energy and service systems, indoor design criteria, and building operation and maintenance. Many prior studies made remarkable progress in understanding the impact of energy consumption [6] , and conventional building energy modeling methods tend to be aligned with these factors [7, 8] . Building occupancy plays a critical role in building energy consumption [6, 9, 10] . Even though the relationship between the number of occupants in a building and the building's energy load is well established, building occupancy is only used to design a building's energy load and is rarely used to manage energy consumption during operation. Building energy systems are disconnected from human occupancy, and there is no robust energy model related to building occupancy [6, 7, [10] [11] [12] [13] . Connecting building energy systems to building occupancy is a challenging task as it relates to reliability issues that involve occupancy tracking methods. As a result, the actual levels of energy used often deviate from the amount estimated by the occupancy during the operation phase [6] .
Most building energy design has assumed that all rooms are occupied during operational hours to estimate maximum energy loads [14] [15] [16] [17] . However, building occupancy rarely reaches the maximum load and always varies throughout the day in real life. Energy continues to be consumed in rooms (e.g., the conference rooms) even though some rooms remain empty throughout the day [14] . The goal of building energy modeling has been focused on maximum occupancy and often ignores occupancy variation throughout the day and season. It is extremely difficult to predict the level of permanent, temporary, and transient occupancy throughout the day and season, even though the level of occupancy influences the amount of energy consumed by a building. As prior research confirmed the importance of correlating weather, building types, and occupant behaviors with building energy load, the use of sensors and zoning are key strategies to integrate building occupancy into the operation and management of building energy consumption. Light sensors are used to turn off lighting in empty spaces, while zones are differentiated into frequently and infrequently occupied, use types, and total occupancy so that the energy load would be better managed and controlled.
Larger than expected occupancy, also known as excess load, is included in a design to avoid potential problems and the need to address the future load increase. Research has found that office buildings are overdesigned by over 60% at peak hours, as the buildings were occupied by a third of the estimated residency [18] . In another study, the actual building energy use was up to three times greater than the estimated use of energy [13] . The level of occupancy of a commercial building is influenced by multiple factors, such as work from home, travel and vacation schedule, and job nature. Society's increasing demand for work-life balance has also changed how occupants behave and, thus, energy use patterns as increasing numbers of employees work from home and stagger their work hours. Building occupants' increased demand for personal comfort, along with increasing use of computing technology, has also increased the use of energy (despite the continually improving energy efficiency of modern technology) [10] . Personal control of heating, ventilation, and air conditioning (HVAC) systems, lighting systems, blinds, windows, and individual appliances are now increasingly common in buildings. These new features have allowed occupants to better control their level of comfort, but the overall energy consumed by a building due to these features has not yet been fully understood [6, 10] .
Research Objectives
Accurate occupant information can be very useful and can save a large amount of building energy. [14] suggested that HVAC energy could be reduced by 14% by applying an optimal control strategy using occupancy. [19] showed that cooling loads can be reduced by 30% through occupancy control. [20] confirmed that a minimum of 10.4% and a maximum of 28.3% of the building energy load decrease was accomplished based on occupancy transitions. [21] proposed a predictive control algorithm based on occupancy information that saved about 40% of building energy use without compromising thermal comfort. Moreover, occupancy information can be utilized to manage building energy use as well as indoor environmental quality for the comfort and health of occupants [22] .
Diverse and in-depth research has connected occupancy and building energy consumption, but there are limitations in applying such knowledge. Existing research has counted or estimated the total occupants at specific points in time, and most studies have been unable to differentiate between occupancy types [23] . Residential and office buildings have almost the same occupancy type; however, educational or commercial buildings have different types of occupants. There is a difference between total and variable occupancy: Total occupancy should be used to design the total energy consumption for a building, while variable occupancy should be used to manage energy consumption and, thus, control energy efficiency. Variation in building occupancy drives energy system operations and design.
While business hours vary from building to building, the number of occupants in the building changes and varies by the minute. Solutions to track the number of occupants range from using sensors to track occupants entering the buildings to estimating the occupancy using prior data. Sensors and trackers are also useful technologies that could be deployed to track occupancy; however, these technologies have their limitations, such as cost, reliability, and privacy issues. The period could also limit their deployment. For example, office workers tend to remain in the building during office hours while faculty and graduate students tend to work at more flexible hours. In addition, visitors to office buildings and educational buildings also behave differently. Thus, different types of occupants result in different energy consumption patterns. Transient occupants (students) in education tend to rely on plug loads to charge their smartphones or laptops, while transient occupants in government buildings tend to stay for a shorter period and thus do not consume any additional energy.
Permanent occupants consume the largest amount of energy with the computers, monitors, lighting, refrigerators, and other appliances and equipment they bring into a building. Some consume energy during office hours, while others operate continuously. Some appliances generate heat and increase the demand for cooling [6] . Since stationary and non-stationary occupants' impact on the energy load is obviously different, they should be analyzed separately [8] . However, previous studies have not separated stationary and non-stationary occupants. Existing research has mainly studied residential and office buildings that have one type of building occupant [13] , so separating the types of occupants would be unnecessary. However, in the case of educational and commercial buildings, which were relatively less studied [13] , there are two types of occupants. [2] counted the two types of occupancy separately but did not verify occupancy impact on energy consumption. Therefore, the first research objective was to suggest how to estimate stationary occupancy using the existing infrastructure. This study proposed a new and simple approach to infer stationary occupancy. The second objective was to examine the relationships between occupancy and building energy loads, such as electricity, cooling, and heating in educational buildings. The relationships were verified using statistical methods. The last objective was to propose how to conserve building energy consumption, based on the results. This research is not an attempt to study the other energy factors (such as building envelope, equipment efficiency, etc.) that are not mentioned in the objective. The focus is to study the correlations between occupancy and energy consumption pattern.
Research Methods
To examine the relationship between occupancy and energy load patterns, it is necessary to estimate building occupancy. There are various methods to estimate building occupancy [23] , such as sensor networks [24] , wireless camera sensor networks [14] , radio-frequency identification (RFID) [2] , passive infrared sensors [25] , and 3D depth sensors [5] . Each method has merits and limitations; sensor fusion is being used to boost the accuracy of occupancy estimation and has shown better performance [23] . Nevertheless, these methods do not always accurately differentiate stationary and non-stationary occupants.
First of all, this study applied existing information technology. Most importantly, if a building has existing infrastructure, such as a Wi-Fi router, this method is immediately applicable to the building. Moreover, the existing technology does not require additional costs or labor-intensive sensor and hardware installation and maintenance, because it is not originally intended for occupancy sensing [26, 27] . Some previous studies pointed out that the drawback of the existing infrastructure is inaccurate [22] . Certain applications require precision, but energy management applications do not; an approximate calculation of the number of occupants is enough to manage building energy loads [26] . In other words, the application just needs to know that there are roughly 10 occupants in the room, not 8, 9, 11, or 12. Erickson et al. (2009) verified that there was negligible impact (0.28%) on HVAC energy savings estimation of 14%, with a 20% occupancy estimation error [14] .
Among the existing infrastructure in buildings, the Wi-Fi network is usefully applied as a proxy for human occupancy. Previous studies estimated occupancy using Wi-Fi networks [7, 8, 26, [28] [29] [30] , and these studies concluded that Wi-Fi connection frequency can estimate occupants' residency without difficulty [8] . Balaji et al. (2013) determined the number of occupants successfully with 86% accuracy using Wi-Fi connections [31] . Moreover, , Chen and Ahn (2014) verified that there is a positive relationship between Wi-Fi connections and building energy use [8] . However, Wi-Fi networks have limitations, one of which is that the network cannot differentiate stationary and non-stationary occupants [8] .
This case study proposes to infer the stationary occupancy in buildings using wired Ethernet connections. Estimating each stationary and non-stationary occupancy separately is necessary for developing energy consumption forecasting and for supporting building energy feedback systems [8] .
One of the greatest differences between stationary and non-stationary occupants is whether they use wired Ethernet or not. In general, wired Ethernet is faster, more stable, and delivers more consistent speeds than wireless. However, non-stationary occupancy uses only wireless internet connections, because they do not have access to the wired Ethernet, and most of them do not carry an Ethernet patch cable for using wired Ethernet, though wireless is more inconvenient to use. However, stationary occupants have their own place to work, and, for them, wired Ethernet is ready and available. Most stationary occupants use wired Ethernet when they use their desktops or laptops. Thus, it can be assumed that there is a positive relationship between stationary occupants and wired Ethernet traffic. Therefore, in this research, wired Ethernet data traffic is used as a proxy for stationary occupancy.
Case Study Building and Data Collection
The object building of this case study is Interdisciplinary Science and Technology Building 4 (ISTB4) at Arizona State University (ASU), which has various types of space, such as laboratories, administrative and academic offices, and classrooms. This university building was selected because it contains both stationary and non-stationary occupants who use wired Ethernet and Wi-Fi frequently. Data were collected from 1-30 January in 2017, since both cooling and heating were required during this period. The outside temperature data were collected from the U.S. climate data website and ASU Metabolism system; electricity, cooling, and heating load data were collected from the ASU Metabolism system, which provides ASU buildings' energy load data, and ISTB4's Ethernet traffic and the number of Wi-Fi connection data were collected from the ASU University Technology Office. Because of data availability, the Ethernet traffic and Wi-Fi connection data were analyzed hourly and daily. This study performed Pearson correlation analysis and regression analysis to determine the relationships between the data, using a statistical software package (Statistical Package for Social Science; SPSS version 17.0). Pearson correlation and linear regression can determine if two numeric variables are significantly linearly related. Correlation analysis provides information on the strength and direction of the linear relationship between two variables, while simple linear regression analysis estimates parameters in a linear equation that can be used to predict the values of one variable based on the other.
Types of Internet Data Available and Used
Internet speed is not a factor in this research. Internet speed does not directly affect the energy consumption of a building, though it might affect the energy consumption of the hardware that generates the Wi-Fi signal (which is not the research objective). A meaningful relationship would be extremely unlikely due to the following:
1.
Derivation of internet speed:
Internet speed is influenced by many factors such as signal generation equipment efficiency (router, modem), distance from the equipment (2.5ghz for longer distance transmission while sacrificing speed, 5.0ghz for faster internet while unable to transmit at longer distance), interruption (cellphone or other wave signals) and the efficiency of the users' internet receiving equipment (e.g., two laptops with different Wi-Fi adaptors and network connectors would affect the internet speed of individual laptops). For example, if a network generates 1 gigabyte per second of speed but a laptop would only operate on 9 megabytes per second of speed if it only has a low-end Wi-Fi network connector, located further away from the Wi-Fi signal, and many users are using the internet at the same time.
2.
Internet speed requirement for different applications and different types of occupants:
The demand for internet speed differs on different applications. Gaming and graphic designs demand the fastest speed while basic computer applications like emails and Twitter do not require speed beyond 5 Mbps. Occupants that demand the fastest internet speed would not use Wi-Fi as they would need computers that are connected to the Ethernet or their computers close to a router that is connected to the high-speed internet. Temporary occupants rarely demand the fastest internet speed from the Wi-Fi as they would normally focus on emails, social media, and homework (like Microsoft Office).
3.
Relationship between permanent and temporary occupants, and internet use:
The internet use data could roughly be divided into permanent and temporary occupants as the permanent occupants use the Ethernet while the temporary occupants use the Wi-Fi internet provided for logged in users.
4.
Types of internet at Arizona State University:
The Arizona State University provides three types of internet services, the first (label Type 1) is the Ethernet where students, staff, and faculty would connect their computers directly to the Ethernet or they would connect routers to the Ethernet to generate Wi-Fi signals for their other computing needs. These Wi-Fi signals would be registered as internet use from the Ethernet. Such internet is only available on permanent workstations. The second type of internet service (Type 2) is available to ASU account holders (students, staff, faculty, and alumni) where they could access the internet anywhere on campus. Type 2 internet is normally used for less complex applications and when students, staff, and faculty are in transition or during classes. Type 3 internet is available to the general public and registration is more complex as the public needs to register with a valid email and then validate it, where the entire process could take between four and fifteen minutes.
5.
Internet and energy load:
Speed of internet, as previously discussed, is influenced by too many factors and thus the relationship between internet speed and the energy load is not easily modeled. This is the key reason why internet speed is not included in the analysis. In addition, the various internet speeds available to the country, state, city, and organization do not influence energy load, and the average internet speed is simply what the population and organization in the USA subscribed to and paid for. Internet speed ranging from as fast as 3 Gbps and as slow as 1 Mbps are offered in the United States, and the average speed depicts the different subscriptions the residents paid for. Due to the complexity, the research only focuses on the internet available in the building and Arizona State University uses up to 3 Gbps of internet speed for its Ethernet and over 250 Mbps for its Wi-Fi network on campus. Speed for its campus-wide Wi-Fi network is lower in speed due to the limitation of the 2.5ghz requirement to run long-distance Wi-Fi network on campus.
The Design of the Building Selected for the Study
The research is an analysis of a seven-story building that houses laboratories, classrooms, lecture theatres, an exhibition area, open spaces, and offices. HVAC is provided centrally where eight buildings share one main heating and cooling central unit, and then air is re-cooled or reheated to match the temperature requirement of the building (cooled air is reheated while heated air is re-cooled before distribution). The energy consumption change from HVAC is due to this reheating and re-cooling processes. Figure 1 shows the Ethernet data traffic pattern for the day. The data traffic begins to increase at 7 am and continues to increase until 2 pm, which is the peak time. The traffic then decreases until 6 pm and remains constant throughout the night. If there is a huge traffic gap from 9 am to 4 pm, then the gap is because of weekends and holidays, when there is low stationary occupancy. This trend is reasonable and understandable, because during working hours, stationary occupants use the Ethernet, which causes the data traffic to increase. In addition, during the night time, weekends, and holidays, the data traffic consistently remains low, since there is almost no one using the Ethernet. Thus, it can be surmised that there is a significant positive relationship between permanent occupants and wired Ethernet traffic. 
Results

Temperature vs. Cooling and Heating Loads
The relationship between daily average outside temperature and building cooling and heating loads was examined. Table 1 shows the results of the Pearson correlation analysis, and Figure 2 is a scatter plot of the temperature and the loads. There are significant relationships between temperature and cooling and heating loads. In detail, there is a strong positive relationship between outside temperature and the cooling load and a moderate negative relationship between the temperature and heating load. In other words, if that day was hot, the cooling load rose almost as much as the outside temperature. If the day was cold, the heating load rose to some degree. As shown in Table 2 , hourly-based data analysis showed similar results. These results are straightforward and intuitive. In addition, if the outside temperature is lower than approximately 47 • F, the cooling load remains the lowest, but in the case of heating load, there seems no definable borderline. Moreover, it is worth mentioning that it was difficult to determine the cooling and heating load gap between weekdays and weekends in Figure 3 , which are scatter plots of the temperature and the loads. In most cases, there are far fewer occupants during weekends and holidays than during weekdays, so cooling and heating loads should also have been far lower, as can be seen from the data traffic in Figure 1 , but this was not the case. 
The Number of Wi-Fi Connections vs. Energy Loads
The study investigated the relationship between the number of Wi-Fi connections and building energy loads. Table 3 shows the results of the Pearson correlation analysis; the results indicate that there is a strong positive relationship between the number of Wi-Fi connections and the electricity load but not between the number of Wi-Fi connections and cooling and heating loads. This means that if the number of Wi-Fi connections, which implies the number of occupants, grows, the electricity load, which is related to electric appliances such as desktops, monitors, or refrigerators, also increases. However, even if the number of occupants increases or decreases, cooling and heating loads are immune to occupancy. Figure 4 displays the relationship between the number of Wi-Fi connections and electricity load. There are two groups based on the number of Wi-Fi connections; the upper group, which has more than 500 Wi-Fi connections, represents weekdays after the beginning class. If one looks only at the upper group, there seems to be little relationship between the number of Wi-Fi connections and electricity loads; contrary to this, the lower group, which has lower than 400 Wi-Fi connections, represents weekends, holidays, and weekdays before the beginning class. During these periods, the correlation is stronger than in the upper group. 
Data Traffic vs. Energy Loads
The research examined the relationship between wired Ethernet data traffic and building energy loads. Table 4 displays the results of the Pearson correlation analysis. It shows that only the electricity load has a significant moderate relationship with the data traffic. The cooling and heating loads have very weak relationships with data traffic. These results are almost the same as the Wi-Fi connection results, but there is a difference. The Pearson correlation analysis measures the linear association strength between two variables; the Pearson correlation coefficient was 0.571 between the data traffic and the electricity load. However, if the relationship is not linear, the coefficient can be distorted. Figure 5 shows a scatter plot of the data traffic and the electricity load, and it indicates that the relationship is logarithmic rather than linear. When the logarithmic relationship was applied to the relationship, the correlation coefficient increased to 0.744. If data traffic increased, the electricity load also increased. However, the more the data traffic increased, the less the margin of the electricity load increased. According to the above results, though the correlations were significant, there were weak correlations between the cooling and heating loads and data traffic. The research authors also applied multiple linear regression, in order to verify the relative influences of the data traffic and the temperature to cooling and heating loads. Tables 5 and 6 show the results in detail. The magnitude of the standardized coefficient of the regression model measures the relative effect of the independent variables on the dependent variables, so it makes comparison readily in the same units. The dependent variable of the first regression model was the cooling load; independent variables were the data traffic and the outside temperature. The result shows that the model was significant and that the R-value of the model was 0.849, which was high enough. The standardized coefficient of temperature was 0.864, and the data traffic was −0.074. This indicates that the temperature's influence was overwhelming to the cooling load. Though the sign of the data traffic is negative, it can be negligible, because the impact was very limited (Table 5 ). In the second regression model, the dependent variable was the heating load. The second model was also significant, and the R-value was 0.554, which was less than the first model. The standardized coefficient of temperature was −0.496, and the data traffic was −0.152. In the case of the heating load, the outside temperature had a much stronger impact than the data traffic, but not as much as it did on the cooling load. The data traffic also had a certain influence on the heating load (Table 6 ). 
Discussion
Wi-Fi vs. Electricity Load
The results demonstrate that there is a strong positive relationship between the number of Wi-Fi connections, which implies the total number of occupants in the building, and the electricity load. This is because almost all occupants consumed plug-loads during their stay in the building. For example, students who were non-stationary occupants charged their laptops and smartphones, and computers, monitors, and projectors were used during class. Stationary occupants used their own desktop computer, laptop, monitors, and other electric appliances, and also charged a smartphone or other device. The same result was verified by a previous study [7] .
However, among the two types of occupancy, stationary occupancy might have a larger impact on the electricity load than non-stationary occupancy. As mentioned at the end of Section 3.2, the lower group in Figure 4 , which represents weekends, holidays, and weekdays before the beginning class, had a stronger correlation between the number of Wi-Fi connections and electricity load. This implies that the electricity load is more affected by stationary occupancy than by non-stationary. This is because in most cases, the non-stationary occupants did not come to the building on weekends or similar time periods, but some permanent occupants, such as faculty or graduate students, did. When they did, they increased the electricity load by using their electric appliances. However, the upper group in Figure 4 , which is weekdays after the beginning class, had a low relationship between the Wi-Fi connections and the electricity load. This might be because non-stationary occupancy has a lower impact on electricity load. During this period, the electricity load did not rise, even if the number of Wi-Fi connections increased. Normally, the greatest number of faculty members and graduate students were in the building during that period, so the variation of the Wi-Fi connections might be from the students who attended class. Thus, it is surmised that the students' influence on the electricity load was not significant.
Data Traffic vs. Electricity Load
It is also proved that there is a significant relationship between the wired Ethernet data traffic as a proxy for stationary occupancy and the electricity load. The relationship is logarithmic rather than linear, which means even if the data traffic increases, after the inflection point the electricity load does not increase that much. There are two probable reasons for the logarithmic relationship. The first reason is that, before the inflection point, the more stationary occupants in the building, the more the data traffic increased, since the stationary occupants use the wired Ethernet. At the inflection point, it seems that the most stationary occupancy had entered the building. After the inflection point, a large amount of the data traffic increase might be from preexisting stationary occupants and not from a new stationary occupant. Since the number of stationary occupants did not increase as much as the data traffic did, the slope of the electricity load increase decreases. Then, if all or almost all stationary occupants stayed in the building, data traffic and the electricity load might only have increased very slightly, since there was almost no change in the number of stationary occupants. The second reason is because of heavy data use. In Figure 5 , there are several points that seem like outliers that have large data traffic with a relatively low electricity load. This can happen when a few occupants use the data overwhelmingly at a specific point of time. Thus, the inflection point and heavy data user should be carefully considered when estimating the stationary occupancy using the data traffic.
Heating and Cooling Load vs. Occupancy
According to the results, there was no correlation between thermal loads and occupancy. In addition, when comparing the impacts of the outside temperature and occupancy on thermal loads by multiple regression analysis, occupancy's influence was severely limited when compared to the temperature. However, the more occupants that are in a building, the higher the HVAC loads will be. At the least, there must be a significant relationship between the cooling load and occupancy, because the presence of occupants causes metabolic heat and increases the inter heat and indoor temperature [10, 32] . Furthermore, the various electrical appliances the occupants use also produce internal heat, which also increases the cooling load [10, 32] .
Surprisingly, previous studies also revealed that there was a lack of correlation between the HVAC system and occupancy [7] , which seems to be due to the current HVAC systems. HVAC systems normally operate based on fixed schedules and maximum occupancy assumptions [2] . For example, during occupied periods, if there are no Wi-Fi connections or wired data traffic in certain rooms, the room does not need cooling or heating. And if there are a few Wi-Fi connections or a little data traffic in a room, the HVAC system only needs to reduce the loads, and vice versa. By doing this simple modification, a large amount of energy can be saved.
In addition, HVAC systems do not consider whether the building is partially occupied; there are only "occupied" or "unoccupied" periods of the day [2] . The object building of this research is operated in a similar way. According to the ASU Facilities Services, the building HVAC system is controlled by periods that are set by a manager, and there are only "occupied," "unoccupied," "preoccupancy," and "setback" periods. This system is too rough and simple, so it is not helpful for energy saving. Thus, there seems to be high energy saving potential if HVAC loads can be adjusted automatically based on real-time occupancy information [2, 9] .
Conclusions
At present, a large amount of thermal and heating loads is being wasted on vacant or partially occupied room. If the HVAC systems could consider occupancy information in real-time, a huge amount of energy can be conserved. Moreover, the accuracy of building energy simulations or predictions can be improved by applying the occupancy data. This is because the current simulations or predictions do not consider the occupancy information, which can cause a big difference in accuracy between the simulated and actual consumption.
This case study investigated the relationship between building occupancy and building energy loads such as electricity, cooling, and heating loads, using correlation and multiple regression analyses. The results revealed that stationary occupants, such as faculty members and graduate students, can be successfully estimated by the existing infrastructure, for example, the wired Ethernet data traffic. There was a significant linear relationship between the electricity load and the total occupancy, and the impact of stationary occupancy on the electricity load was higher than non-stationary occupancy. There was a significant logarithmic relationship between the electricity load and the Ethernet data traffic, which is a proxy of the stationary occupancy. However, there was no relationship between the occupancy and thermal loads; this might be because the current HVAC systems do not consider the actual state of the occupancy, despite the occupancy being roughly divided into categories, such as "occupied" or "unoccupied." It is expected that the research results can be utilized practically. Since this study applied the existing infrastructure of Wi-Fi connections and Ethernet data traffic, additional cost and labor-intensive processes, such as sensor installation, are unnecessary. Thus, if the building uses a Wi-Fi and wired Ethernet, the number of occupants in the building can be estimated in real-time. Furthermore, the results can improve previous research; when estimating building occupancy, some advanced studies have employed sensor fusion using CO 2 , temperature, and humidity sensors. As there is a significant relationship between wired Ethernet traffic and permanent occupants, wired Ethernet traffic can be utilized as a sensor when employing sensor fusion methods for estimating accurate building occupancy.
Unfortunately, this case study analyzed only one month of data because of data unavailability, so more long-term period analyses should be conducted for further research. The object building can be extended to other types of buildings or to a building in another region. This research did not estimate the number of stationary occupants in the building. However, the approximate number, if not an exact estimation, of stationary occupancy can be estimated by using Ethernet data traffic in future research. The final suggestion is to utilize data from existing infrastructure efficiently and successfully. A huge and varied amount of data is produced from existing infrastructure; these data are of great value and can be connected to big data at no additional cost or need for labor. Therefore, the data can be used in various ways, such as optimizing the use of building energy and water to improve occupant comfort. 
